Pipe bursts in water distribution systems (WDS) must be rapidly detected to minimize the loss of system functionality and recovery time. Pipe burst is the most common failure in WDS. It results in water loss out of the system, increased head losses, and low pressure at the customers' taps.
INTRODUCTION
Pipe burst refers to the rupture of a pipe due to pipe deterioration, excessive pressure, or ground shifts caused by temperature changes or earthquakes. Water loss through the rupture increases the total flow entering the system, overall pipe flow rates, and head losses through pipes, which in turn, lowers the pressure at the customers' taps.
Morrison () reported that the time for detection and location of a 1.1 lps burst was approximately 5 days. Degradation of system functionality (i.e., performance level)
persists until the broken pipe is fully repaired. Therefore, early detection of pipe bursts helps improve system resilience by minimizing water losses and system impact. In addition, it saves the energy cost spent in lifting the additional quantity of water.
Over the last two decades, several methodologies have . SPC methods apply statistical theory to the system output parameters (i.e., the measurable quality parameters, also known as quality characteristics) to identify non-random patterns that may be caused by bursts. 
Optimal sensor network design to detect bursts
In addition to being affected by the detection method, pipe bursts' detectability is affected also by the network structure and the available information. During design, the network structure is largely determined by land use, topography, and water demand distribution; pipe burst detection is not a primary concern at this stage. The amount of information on pipe burst detection in a measurement is a function of the number and types of meters and their locations, as well as the network structure and burst location. As such, measurements at some locations can include more signals of an anomaly than measurements at other locations.
To improve pipe burst detectability, the number of meters within the system can be increased. However, the number of meters that can be installed is normally limited by the network's structure, and more importantly, by the available budget. Therefore, finding an optimal sensor network design under budget constraints is a challenging task. Sensor network design methodology must identify:
(1) the optimal number of meters, (2) the optimal combination of meters (pressure and pipe flow meters), and (3) the locations of the meters, and incorporate an optimal methodology for pipe burst detection. Then, the optimal sensor networks for pressure and flow meters are independently determined and compared.
Finally, the trade-off relationship between the number of available meters and pipe burst detection effectiveness (with respect to not only detection probability (DP), but also false alarm frequency) is investigated by plotting the latter against the former.
METHODOLOGY Detectability measures
Detectability of a burst detection method involves a combination of the method's detection effectiveness and detection efficiency. Detection effectiveness is related to how well burst events are detected and false alarms in natural random patterns are avoided. Therefore, it is measured by the DP and the rate of false alarm (RF). DP is the proportion of burst events that were detected (N d ) among the total number of burst events (N tb ):
RF is the proportion of natural random events in which a false alarm is issued among the total number of natural events. Therefore, DP is related to the false negative (type II error) rate, while RF indicates false positive (type I error) rate. The receiver operating characteristic (ROC) curve (Egan ), a graphical plot that illustrates the performance of a binary classifier system, is created by plotting the true positive rate against the false positive rate at various threshold settings. Therefore, the ROC curve for a sensor network for pipe burst detection displays plots of DP and RF for different number of meters to explore the trade-off between the two metrics.
Another measure of burst detection sensor network quality is detection efficiency, which evaluates how fast a burst event is detected. The average detection time (ADT, h),
i.e., the averaged value of the time taken for detection, is used here as the detection efficiency indicator:
where t di is the time (h) of detection of the ith detected burst event, and t bi is the time (h) of occurrence of the ith detected burst event. Normally, t bi of a burst is not known in real life, so this statistic is tested using synthetic data. Given the same detection effectiveness (i.e., the same DP and RF), a sensor network with a shorter ADT is more favorable. As the detection time is infinite for a non-detected pipe burst, water utilities generally place more importance on the effectiveness measures than the ADT. In summary, to improve resilience, it is desirable to have a high DP, low RF, and low ADT.
Binary integer programming model for optimal meter location
The optimal meter location model is posed as a binary integer programming problem that maximizes DP for a given number of meters (X max ).
subject to
where m is the total number of potential meter locations is placed at location j (zero for no meter). For a given burst event i, the product of D ij and X j in Equation (4) equals 1, if a meter is installed at location j (X j ¼ 1) and the burst can be detected by the meter at that location The problem's objective (Equation (3)) is to maximize DP that is computed from the intermediate binary problem variable α i . If one or more meters would detect burst i, then α i is set equal to 1 (Equations (4) and (5)). If all possible sets of meters are considered, the search space of the problem will be 2 m . Here, the number of meters is included as a constraint (Equation (6)): (1) to reduce the search space,
(2) to consider a field situation where the possibility of placing meters in the system is limited, and (3) to exclude the need for system-specific meter cost data.
Cost can be the main decision driver in this problem; the other drivers are meter types' access to power or SCADA data lines, and the location relative to these lines. For example, installing flow meters in a WDS is more expensive than installing pressure meters, because they require excavation, installation of a valve and a meter, backfilling, and pavement work (Walski ) . On the other hand, pressure meters can often be installed inexpensively on fire hydrants.
The flow meter is also more expensive than a pressure meter. To minimize cost, the above problem could be modified by deleting Equation (6) and changing the objective to the cost of installed meters and introducing a budget constraint. Equation (3) would become a constraint with a lower bound on the acceptable DP. Similarly, the false alarm rate can also be bounded by adding a false alarm matrix similar to D, but corresponding to a set of nonburst conditions that some meter locations identify as
bursts. An alternative approach is to minimize RF; this also requires a false detection matrix (D f ) analogous to D.
The rows and columns of D f correspond to natural random events and potential meter locations, respectively.
As in the case of D, the elements of D f (D f,ij ) are 1 or 0 indicating whether a false alarm would be or would not be raised, respectively, on the ith natural event by the jth=meter.
Overview of model development
The flow chart in Figure 2 shows the process followed to formulate the detection matrix D. To assess a sensor network's effectiveness, control measurements are generated considering randomness in nodal demands only, while out-of-control measurements are produced considering both random pipe bursts and random demands. The latter is used to develop a detection matrix, and the former is used to form a false alarm matrix. For both conditions, the WEC rules described below are applied to detect the outliers. With the detection matrix D, the optimization problem (Equations (3)- (6)) can be formed and solved. The optimal locations to limit the frequency of false alarms are also determined. Therefore, the objective function is to minimize RF by replacing D ij with D f,ij in Equation (4).
Burst simulation
Given the system state under normal operating conditions, the impacts of pipe failures are assessed to determine if they cause the system to go out of control at one or more locations. The pipe burst/leakage flow rate is a function of the pipe pressure at the burst location. A higher pressure causes more water loss out of the system. In this study, a pipe burst is modeled as an emitter in EPANET solver (Rossman ). The emitter flow is represented as a power function of nodal pressure as:
where q t,i is the burst flow at node i at time t, C is the emitter discharge coefficient, p t,i is the pressure at node i at time t, and a is the emitter pressure exponent. Lambert () conducted an experimental study to investigate the accuracy of the power function model represented by Equation (7), and provided guidelines on using the exponent a based on the pipe material and the level of burst/leakage. He has suggested that an exponent of 0.5 be used to simulate large detectable leakages in metal pipes, while an exponent of 
).
To simulate pipe bursts of various magnitudes, the emitter discharge coefficient C is considered as a random variable.
WEC rules
The WEC rules () are a set of decision rules based on the Shewhart control chart for detecting non-random patterns in measured data (Montgomery ). Romano et al. Step 1. Generate a large number of pipe bursts with random magnitudes and locations.
Step 2. Generate 100 2-day traces of pressure/pipe flow measurements considering random demands and the pipe bursts generated in Step 1.
Step 3. Assuming that the jth pressure/pipe flow meter is installed in the network, determine if the ith burst is detected by examining the post-burst pressure/pipe flow measurements as per the WEC rules.
Step 4. Set the element at the jth column's ith row as 1 if the ith pipe burst is detected by the jth meter and 0 otherwise.
Step 5. Repeat
Step 4 for all pipe bursts (i ¼ 1, …, N).
Step 6. Repeat Steps 3-5 for all pressure/pipe flow meters
To identify the optimal meter locations that yield minimum false alarm rates, a false alarm matrix can be developed in a similar manner, but constructed for random demand conditions without pipe bursts. The false alarm matrix has binary elements in which the ith row lists all pressure/pipe flow meters that raise a false alarm from the measurements resulting from the ith series of natural variability.
APPLICATION NETWORK
The optimal meter placement model was applied to a modi- Following the flowchart shown in Figure 2 , three time series sets were generated. First, a normal 2,000-day trace of the nodal pressures and pipe flow rates at a 5 min step was generated using the network's hydraulic model, and this was used to calculate the time-varying mean and standard deviation of the quality characteristics. Normal random nodal demands were inputted to the models. The nodal demands were assumed to be spatially uncorrelated The other data sets were (1) a control sample and (2) the out-of-control set used to construct the false alarm and detection matrices, respectively. The control sample considers only natural demand randomness. The outof-control data set includes demand randomness and pipe bursts. In total, 100 burst events and 100 natural random events were considered. The random burst characteristics are the burst location, initiation time, and burst magnitude.
The burst magnitude is defined by the emitter coefficient C that was assumed to be uniformly distributed over the range of 1 to 50. A leakage exponent a of 0.5 is used for all the bursts. The resulting burst magnitudes ranged from 0.1 to 3.3% of the total system mean demand (726 lps).
The quality characteristics' control and out-of-control measurements from a location were provided at a time for evaluation as per the WEC rules to populate the false alarm and detection matrices, respectively.
Shewhart control charts with a centerline, three WLs, and a single CL were constructed from the historical data set generated (Figure 3 Table 1 .
A number of assumptions and simplifications were made in this hypothetical case study: (1) the hydraulic (1) and (2)) are calculated.
APPLICATION RESULTS

Impact of pipe burst characteristics on detectability
A histogram of DP for pressure and flow meters is given in remaining 37% are identified by much smaller subsets; this result suggests the need for a study of the optimal sensor placement problem. However, burst detection by meters at many locations raises questions on the value in locating a burst after a detection using pressure meters that is beyond the scope of this study.
The sensitivity of flow meters to pipe bursts is dependent on their location (Figures 5 and 8) . The maximum flow meter DP of 66% was for the pipe connecting the source to the pump station. The other flow meters with DP higher than 60% also have high flow rates (the pipe just downstream of the pump station, the transmission pipe closest to the pump station, and a distribution pipe within the southwestern loop). This result is reinforced by the plot of DP versus flow rate (Figure 9 ), which suggests that transmission lines are the best locations for flow meters.
In practice, therefore, flow meters are installed on each inlet pipe (i.e., transmission pipe) in a DMA-structured network (Alkasseh et al. ) . It is important to note that while many pressures meters can detect a large set of the same bursts, each flow meter detects fewer events that are likely to be more localized (Figure 6(b) ). As might be expected, the ratio of the number of meters that detect a pipe burst to the total number of meters (i.e., detection rate) is related to the burst magnitude ( Figure 10 ). All the bursts greater than 1.2% of the total demand were detected by all the pressure meters, while only some of the flow meters identified the bursts.
The RFs are small for most pressure and flow meters in this system. A few flow meter locations did have high RFs (e.g., a distribution pipe within the southeast loop has an RF of 50%) (Figure 11 ). 
Optimal meter placements
The meter location problem (Equations (3)-(6)) was solved for the Austin system for pressure meters with X max ranging from 1 to 125. For pipe flow meters, a maximum of 90 pressure meter locations was available. The RF for the best DP set was computed. In addition to optimizing the DP, meter locations that minimized false alarm were also determined. The three results were combined in the ROC curves.
A hundred random pipe bursts events were considered for the optimization. The detection and false alarm matrices had dimensions of 100 by 125 binary matrices for pressure While the optimal flow meter locations were near the source (Figure 15 ), the best sites for pressure meters were in the distal network locations (Figure 14) . For example, when only a single meter was permitted, a pressure meter was installed at node 98 within the northeast loop with a DP of 68% (Figure 14) , while a flow meter was installed in pipe 2 with a DP of 63% (Figure 15 ). Although node 98 is an optimal location for the pressure meter, many other nodes in this system provide almost equivalent coverage.
In the case of two allowable pressure meters, the meters were located in the north end of the network at nodes 58 and 65. On the other hand, one of the two flow meters was located at the source connecting pipe, while the other meter was installed within the southwestern loop. Similarly, one of the four flow meters was located near the source (Figure 15 ). It may be noted that several optimal or nearoptimal solutions are available. As more meters were used, the ADT decreased sharply.
The differences in the optimal meter layout are because of the hydraulic characteristics of pressure and pipe flows.
The pressure meter location having the most information for pipe burst detection is at the end of the network, because the pressure will drop when any nodal demand in the system is increased because of higher upstream head losses. On the other hand, the best flow meter location is in the pipes near the source, because pipe flows are affected most by the changes in flow downstream of the meter location.
Figures 16 and 17 show the meter locations that minimize the RF. In contrast to the best DP locations, pressure meters were located near the source, and flow meters were installed in pipes in the network extremities. For example, a single flow meter's location that yields the lowest false alarm rate is pipe 91 which is connected to a dead end node. The pipe flows at the local pipes provide little information to detect a burst. This result demonstrates that maximizing the DP and minimizing the RF are contradictory goals, and the best DP locations are not likely to be the minimum RF locations. In practice, an alternative is to install sensors at both the best DP and minimum RF locations, and determine an alarm considering the decisions made from the two locations.
The ROC curves provide information on the trade-off between DP and RF. As the number of meters in the sensor network increases, both DP and RF increase. 
SUMMARY AND CONCLUSIONS
Burst detectability is related to the magnitude of the burst and proximity to a sensor. Given the ability to install meters at many locations, it is difficult to identify the best sensor locations using only engineering judgment. Hence, a general optimal meter placement model to maximize the detectability of pipe bursts has been formulated as a binary integer optimization problem, and solved for a real network with hypothetical demands. The model designs a sensor network that attempts to detect a set of randomly generated bursts.
A multi-step process is required to formulate the meter placement problem, including: (1) developing Shewhart control charts for each possible flow and pressure meter The ROC curves were evaluated for the resulting designs, and the sensitivities of DP and RF were investigated with respect to the level of available information.
Prior to solving the optimization problem, the results from the first three process steps were studied to better understand the burst detection monitoring. Pipe burst detection characteristics were investigated based on a single meter's performance. Most pressure meters had a DP of approximately 70%, which is much higher than the overall DP of the flow meters. On the other hand, the RF was less than 10% regardless of the type of meter. Many pressure meters can detect a large set of the same bursts, while each flow meter detects fewer events that are likely to be more localized. Finally, most pipe bursts were detected at night and early morning because of low demand variability during these periods.
The optimal sensor networks were distinctly different depending on whether pressure or flow meters were installed. While maximizing the DP, the pressure meters were located at distal locations relative to the water source, while the pipe flow meters were installed near the source. The meter locations that yield minimum false alarm were also identified. The results were opposite to those corresponding to the best DP locations. The optimum location for pressure meters is near the source, while the optimum location is near the end of the network for pipe flow meters. It appears that the downstream nodes are impacted more by bursts due to higher head losses that accumulate through the network during a burst. Conversely, the flow at the upstream pipes is more sensitive to the downstream anomalies. The ROC curves for the alternative pressure and pipe flow meters showed that using many pipe flow meters could detect all the pipe bursts when the maximum DP with the pressure meters was 82%. As flow meters are vulnerable to false alarms, using pressure meters is likely to be more valuable for pipe burst detection in the modified Austin network.
The proposed sensor placement model employed the WEC rules which are the easiest to implement, as there are no parameters to be estimated. However, other SPC methods with higher detection effectiveness, such as CUSUM and EWMA can replace the WEC rules for improving detectability, although the system-specific parameters should be estimated by paying high computational costs.
This study has several limitations that future research must address. First, as in most sensor network designs, the layout is based on a limited set of conditions. Here, we have defined a set of bursts; the final design may be biased by this set, and some study should be conducted to determine how large a set is needed to converge to a consistent design. Multiple simultaneous bursts can be generated and provided for burst detection. Second, this study determined the optimal locations for pressure and flow meters independently. The optimal combinations of pressure and flow meters and their locations can be determined with a small extension of the posed model. Along this line, meter costs and a budget constraint can be included in the optimization model, instead of only limiting the number of meters. Third, Figure 18 | ROC curves for (a) pressure meters and (b) flow meters (DP (solid black line), RF for the best DP meter sets (gray dashed line), and minimum false alarm rate (gray solid line)).
Note that the total number of pressure meters and flow meters (i.e., meter installation level is 100%) are 125 and 90, respectively.
as confirmed from this study, a trade-off exists between DP and RF. Multi-objective optimal meter placement problems can be formulated to minimize total meter cost and RF and maximize DP. This study and the previous studies focused on burst occurrence detection. However, since all the pressure meters detect the same set of bursts, they provide little information on where the burst is located. To provide a truly effective monitoring system, it is necessary to simultaneously consider the possibility of detecting and locating bursts, while minimizing false alarms and detection time. Finally, the proposed approach can be applied to detect real-life bursts by including additional preprocessing steps such as raw measurement filtering.
